INTRODUCTION
============

To understand gene regulation, it is necessary to accurately identify transcription factor (TF) binding sites in the genome. Over the past decade, numerous studies have been published that predict the DNA binding specificities of TFs in *Saccharomyces cerevisiae* ([@gkr1180-B1]). Each of these studies relied on different experimental and computational strategies to generate models of DNA--protein interactions in the form of position-specific weight matrices (PWMs) ([@gkr1180-B9]). Each of the different methods is subjected to different biases, which may produce accurate models of specificity for certain types of TFs but not others. Since the binding specificities of yeast TFs have been intensively studied, there are multiple, often conflicting, PWMs for most TFs ([Figure 1](#gkr1180-F1){ref-type="fig"}). No existing database provides a comprehensive repository of available PWMs, and there has been no systematic effort to evaluate the predictive ability of each PWM using *in vivo* data sets as a benchmark. ScerTF provides a collection of matrices that are optimal, among the set of PWMs considered, for predicting *in vivo* TF occupancy. Figure 1.Screenshot of details page for ARO80. There are multiple, conflicting PWMs available from five different literature sources for ARO80. The details page provides *P-*values and recommended cutoffs for each PWM as well as target genes identified in ARO80 ChIP-chip ([@gkr1180-B4]) and gene deletion experiments ([@gkr1180-B13]).

Existing databases cover only a limited number of TFs or lack objective validation. The SwissRegulon database ([@gkr1180-B7]) is one repository of PWMs, but most models are derived only from phylogenetic footprinting and the database contains data for 72 TFs. The *Saccharomyces cerevisiae* promoter database (SCPD) ([@gkr1180-B10]) contains PWMs for just 24 factors. The most recent version of JASPAR ([@gkr1180-B11]) is, to date, the most complete collection, with results for 176 unique yeast TFs. The JASPAR curators collected PWMs from five different sources including SwissRegulon and SCPD, but prioritized the sources based on the curators' personal perspectives. A matrix from a low-priority source was discarded if a high-priority source already contained a matrix annotated to the same TF. In many cases, the prioritized source was a collection of matrices produced by various *in vitro* binding assays ([@gkr1180-B1]). Such assays are high-throughput and generally reliable, but are not guaranteed to provide the most accurate representation of a TF\'s *in vivo* binding specificity ([@gkr1180-B12]). This is especially true for TFs that dimerize to bind DNA ([@gkr1180-B1],[@gkr1180-B12]).

We created ScerTF, a comprehensive, curated database that incorporates PWMs derived from a variety of experimental and computational methods. The database contains 1226 matrices from 11 different sources, covering 196 different TFs. For each TF in the database, we evaluated the available matrices by comparing matrix-predicted TF binding sites against results from *in vivo* chromatin immunoprecipitation (ChIP) occupancy ([@gkr1180-B4]) and TF deletion ([@gkr1180-B13]) experiments. Based on this evaluation, we provide a compendium of the best-performing matrices and we also provide performance metrics for all matrices annotated to a particular TF ([Figure 1](#gkr1180-F1){ref-type="fig"}). This allows the user to individually compare the recommended matrix with additional candidate matrices. Because transcription factors bind degenerate sets of sequences, we have also employed the ChIP-chip data to determine an optimal cutoff to use when searching for potential regulatory sites.

The two experimental methods we chose to use as benchmarks in this effort measure the *in vivo* activity of the transcriptional regulators assayed. ChIP measures the physical interaction between a protein or protein complex and DNA, providing a direct readout of binding locations in the genome. Expression analysis of a TF gene deletion mutant measures the direct and indirect genetic interactions between a transcriptional regulator and downstream target genes. The motivation of ScerTF is to provide scientists with a way to accurately identify TF binding sites in the genome. As such, comparing matrices with results from *in vivo* experimental data is a natural metric to use as a benchmark.

In addition to curating data sets from the literature, we also developed a strategy to optimize a PWM given a collection of matrices and applied this method to the TFs curated in the database. Our strategy was able to generate matrices that outperformed the best existing PWMs in predicting TF occupancy for ∼10% of the TFs in the database.

We demonstrate the use of ScerTF in two ways. First, we provide an example from the recent literature in which a group identified functional *cis-*regulatory elements (CREs) but were unable to associate these regulatory sites with specific TFs. By searching the ScerTF database with these published regulatory sequences, we were able to identify potential regulators that bind the appropriate target genes in ChIP experiments and significantly affect expression of the appropriate target genes when deleted. Second, we used the collection of motifs in the database to identify instances of combinatorial regulation in the yeast genome. This search identified many known CRE combinations and also predicts new combinations in which the target genes of the combination are coherently expressed.

DATABASE ASSEMBLY AND CURATION
==============================

To create ScerTF, we collected results from 11 different computational and experimental studies that report binding specificities of TFs in *S. cerevisiae*. These studies rely on different methods to infer DNA binding specificities, including phylogenetic footprinting ([@gkr1180-B5],[@gkr1180-B7]), molecular modeling ([@gkr1180-B6]), gene expression analysis ([@gkr1180-B2]), *in vitro* binding assays ([@gkr1180-B3]), ChIP ([@gkr1180-B4]), DNA immunoprecipitation with microarray detection (DIP-ChIP) ([@gkr1180-B1]) and protein binding microarrays ([@gkr1180-B1],[@gkr1180-B8],[@gkr1180-B14]). In addition, we incorporated the SCPD database ([@gkr1180-B10]) into our own database to evaluate the performance of its matrices and to assimilate these matrices into our alignment strategy. Matrices from the commercially available TRANSFAC database were also evaluated using the same metrics, but are not made freely available in this database ([@gkr1180-B15]). However, in all the cases, the TRANSFAC PWMs were outperformed by matrices in at least one of the other data sets.

For the Badis *et al.* ([@gkr1180-B1]), Foat *et al.* ([@gkr1180-B2]), Morozov and Siggia ([@gkr1180-B6]), Zhu *et al.* ([@gkr1180-B8]) and Zhao and Stormo ([@gkr1180-B14]) data sets, the matrices generally have a core motif with high information content that is surrounded by uninformative flanking positions at the edges of the matrix. Following a recent method by Badis *et al.* ([@gkr1180-B16]), we trim the distal positions of these matrices based on information content. The distal columns of a matrix were removed if the information content of those columns dropped below 0.3. To standardize the naming system across the literature sources, we converted all matrix names to the common name for the TF provided by the *Saccharomyces* Genome Database ([@gkr1180-B17]). Matrix logos were generated using tools available from Lenhard and Wasserman ([@gkr1180-B18]).

To identify the best-performing matrices, we evaluated each matrix using *in vivo* experimental data. When available for a particular TF, we used ChIP-chip binding data from a compendium of experiments performed by Harbison *et al.* ([@gkr1180-B4]). To compare matrices, we first designated promoters as either bound or unbound according to the *P-*values published for each ChIP experiment. Following the method of Harbison *et al.* ([@gkr1180-B4]), we consider sequences with a *P* \< 0.001 to be bound. For each ChIP experiment, the matrices annotated to that TF in ScerTF were used to predict bound probes by identifying the maximum score produced by that matrix for each probe sequence and designating the probe as either bound or unbound depending on whether that score exceeded a given threshold. Thus, to accurately predict *in vivo* regulatory sites, a matrix must not only identify binding sites in bound probes but also predict that unbound probes do not contain a binding site. These predictions were compared with the observed occupancy in the ChIP experiment using the Fisher\'s exact test ([@gkr1180-B19]). The matrix with the best *P-*value is marked as the recommended matrix in the database. We optimize the cutoff used to predict TF binding for each matrix by starting with a threshold of 50% of the consensus sequence PWM score and iteratively increasing the threshold so that the lowest scoring sequence transitions from the predicted 'bound' set to the predicted 'unbound' set. At each step, the Fisher\'s exact *P-*value is recalculated and the cutoff is optimized when the *P-*value is minimized. For several TFs, Harbison *et al.* ([@gkr1180-B4]) measured TF occupancy in more than one growth condition; in these cases, we consider each condition separately and implement a Bonferroni multiple hypothesis correction so that *P-*values are determined consistently for all factors independent of the number of conditions.

In the event that ChIP data were unavailable for a particular TF, matrices were evaluated using data obtained from an analysis of TF gene deletion mutants ([@gkr1180-B13]). In this data set, genes are annotated as either significantly up- or downregulated in response to the deletion of a particular TF. Each matrix annotated to a particular TF was used to predict which genes should be up/downregulated in a deletion mutant strain for that TF as described above. Predictions were compared with observed data using the Fisher\'s exact test. For 16 TFs, there was neither ChIP-chip nor TF deletion data available to help decide among multiple available PWMs; for these cases, we choose between matrices based on corroborating evidence from literature searches ([Supplementary Table S1](http://nar.oxfordjournals.org/cgi/content/full/gkr1180/DC1)).

If we could identify corroborating evidence to support a particular matrix from experimental studies of individual TFs, we gave priority to that evidence over results from high-throughput analyses. For the TF ARR1, the highest performing matrix comes from Foat *et al.* ([@gkr1180-B2]) but this PWM is inconsistent with the other literature sources and an in-depth analysis of ARR1 (also called YAP8) by Wysocki *et al.* ([@gkr1180-B20]). The recommended ARR1 matrix reflects the experimental results from Wysocki *et al.* ([@gkr1180-B20]) and shares the same TTA core half-site with related YAP proteins. A similar situation arises for ROX1, in which the best-performing matrix does not match the canonical binding motif of the SOX protein family ([@gkr1180-B21]). However, a matrix from Fordyce *et al.* ([@gkr1180-B3]) significantly predicts ChIP binding data and reflects the binding specificities determined for ROX1 by detailed experimentation ([@gkr1180-B22]). Both FHL1 and SFP1 matrices derived from ChIP-chip data closely resemble the DNA binding specificity of RAP1 and are inconsistent with *in vitro* measurements ([@gkr1180-B1],[@gkr1180-B8]). Because FHL1 and SFP1 may cooperatively bind DNA with RAP1 ([@gkr1180-B23]), their true binding specificities are masked in the ChIP-chip data, and therefore, the recommended matrices for these two TFs come from *in vitro* measurements. Similarly, the recommended matrix for YOX1 comes from *in vitro* data because YOX1 is known to cooperatively bind with MCM1 ([@gkr1180-B24]).

Some of the TFs included in ScerTF are not known to be sequence-specific DNA binding proteins and are likely the co-factors that interact with other TFs to bind the genome. However, it is important to include these factors in the database because they contribute to specific regulation of gene expression, and, as in the case of SWI6, they frequently exhibit sequence-specificity in their genomic location because they associate with sequence-specific factors that bind DNA directly. For TFs that are not associated with the Gene Ontology term for 'sequence-specific DNA binding' ([@gkr1180-B25]), like SWI6, UME1, THO2, SPT2 and SNT2, we have included a disclaimer in ScerTF that the motifs described for these proteins may actually represent the specificity of a cofactor. In these contexts, the predictive motif chosen in ScerTF does not reflect the DNA binding specificity of the given protein, but most accurately predicts where the factor will be complexed with DNA *in vivo*.

To evaluate our selection of recommended matrices, we compared the optimal ScerTF matrices to the JASPAR matrices using two different experimental data sets ([@gkr1180-B4],[@gkr1180-B13]). PWMs from each database were benchmarked as described above, using the Fisher\'s exact test to assess the ability of a PWM to predict bound and unbound ChIP probes. The results of this analysis are largely consistent regardless of input data set. In almost all cases in which either database could significantly predict experimental data, the ScerTF recommended matrices outperform JASPAR matrices ([Figure 2](#gkr1180-F2){ref-type="fig"}). Figure 2.Comparison of ScerTF recommended weight matrices with JASPAR weight matrices. Count matrices from JASPAR were converted to weight matrices as described in Ref. ([@gkr1180-B9]). Each matrix was used to predict which promoters should be bound by a TF and which promoters should not be bound. Predictions were compared with results from ChIP-chip experiments as reported by Harbison *et al.* ([@gkr1180-B4]) and gene deletion experiments as reported by Reimand *et al.* ([@gkr1180-B13]) using the Fisher\'s Exact test.

MATRIX ALIGNMENT
================

The individual studies incorporated into this database all employed different experimental and computational strategies to determine the DNA binding specificity of yeast TFs. Ideally, different methods should accurately parameterize DNA--protein interactions and thus produce identical PWMs for a given TF. In actuality, however, each method is vulnerable to different biases and ultimately produces an approximation of a TF\'s true specificity. To minimize the impact of artifacts introduced by individual methods, we devised a strategy to align and combine matrices annotated to the same TF across multiple studies for cases in which we could rely on experimental data to refine available matrices. We have implemented a 'Glocal' alignment strategy to identify a common motif in two position frequency matrices (PFMs), using the average log-likelihood ratio ([@gkr1180-B26]) as a measure of similarity between positions in the alignment. As in a local alignment, we do not penalize overhangs when aligning matrices. As in a global alignment, we require that a match must extend to the end of a matrix. Additionally, we do not allow gaps when aligning two matrices. Once an optimal alignment has been found, we combine the matrices by averaging the nucleotide frequencies at matched positions within the alignment; overhanging segments in the alignment that remain unmatched are averaged against the background nucleotide frequency of the *S. cerevisiae* genome. The flanking positions of this long, aligned matrix are then trimmed to eliminate positions with low-information content.

The alignment search is performed in two steps. First, each individual matrix from the different data sets is scored on its ability to predict bound and unbound sequences in ChIP experiments ([@gkr1180-B4]) using the Fisher\'s exact test. The matrices are ranked by *P-*value and then the second best matrix is aligned against the first. Next, the aligned matrices are combined and the resulting matrix is benchmarked and added to a new set of candidate matrices. Each additional matrix from the original set is aligned against all matrices with better performance, and the optimal alignment is then used to generate a new matrix. This new aligned matrix is ranked and added to the set of candidate matrices. The algorithm progresses through the original list of matrices until it is exhausted and then identifies the aligned matrix with the best performance. In most cases, the matrix produced from this procedure outperforms some, but not all of the original matrices. However, for ∼10% of all TFs in the database, the aligned matrix outperforms all of the matrices in the original data set ([Figure 3](#gkr1180-F3){ref-type="fig"}). Figure 3.PWMs available for GCR1 in the literature vary in both information content and length. By combining the available matrices, we were able to produce a PWM for GCR1 that more accurately discriminates between bound and unbound probes in a GCR1 ChIP-chip experiment.

MATRIX AND NUCLEOTIDE SEQUENCE SEARCH
=====================================

An essential feature of ScerTF is the ability to compare an input DNA sequence or PWM against the entire catalog of TF binding specificities. The search feature that we have implemented allows users to query the database with a single *cis*-regulatory site or with a consensus-formatted matrix ([@gkr1180-B9]). For each matrix in the database, we align the input sequence or matrix using the 'Glocal' alignment method described above. For the aligned portion of the database PWM, we calculate the mean and variance of PWM scores for all possible DNA sequences, which provides a distribution of all possible scores the aligned region can produce. If the user has submitted a DNA sequence, we calculate the deviation of the input sequence from the mean of this score distribution using a *Z*-test and additionally calculate the relative affinity of that sequence compared with the consensus sequence for the PWM alignment. If the user has submitted a matrix, we convert the input matrix to a PFM and calculate the dot product of the user-input PFM and the ScerTF PWM to calculate the average PWM score over all sequences that contributed to the PFM (assuming positions in the PFM are independent). Using this average PWM score, we then calculated the deviation from the PWM mean using the *Z*-test as well as the average relative affinity compared with the consensus sequence for the PWM. We implement a Bonferroni multiple hypothesis correction to account for the number of comparisons performed against the query sequence/matrix.

When presented with an input nucleotide sequence that is shorter than a database matrix, we first identify the best possible alignment between the nucleotide sequence and the database matrix and use this as the score for that matrix. The greatest use of the search feature is to identify candidate matrices that could bind a regulatory sequence when very little is known about the sequence, including the full length of the regulatory site. However, in these cases, the reported match is only a partial match to a matrix in the database, and the true significance can only be determined by the context of the putative regulatory site.

The sequence and matrix search capability extends the utility of our database beyond yeast research. Any researcher studying transcriptional regulation in any organism can search this database for candidate matrices that closely match a *cis*-regulatory sequence or matrix produced by a motif discovery program. Although the TFs in this database are from *S. cerevisiae*, a matched *S. cerevisiae* TF can be used to identify the appropriate homolog in another organism of interest. This strategy has been successfully employed in previous studies to transfer knowledge from a model organism to a less well-studied organism ([@gkr1180-B27]). Yeast has been a major model organism for studies of transcriptional regulation, so its set of well-characterized TFs can be a key source of information about the behavior of homologous TFs in other organisms.

WEB INTERFACE AND APPLICATION
=============================

The ScerTF database is available at <http://ural.wustl.edu/ScerTF>. From the main webpage, a user can directly search for a TF by name, enter a regulatory sequence to identify potential regulators or enter a position-specific matrix to identify the most similar weight matrix in the database ([Figure 1](#gkr1180-F1){ref-type="fig"}). Additionally, the entire database can be browsed or downloaded, including recommended cutoffs, by selecting the appropriate link in the navigation bar. Once a user identifies a TF of interest, the database will display all of the PWMs annotated to that TF and provide information about combinatorial regulation with other factors, promoters bound in ChIP-chip experiments ([@gkr1180-B4]), and genes significantly affected by TF gene deletion experiments ([@gkr1180-B13]). Each entry in the database also provides data on PWM performance in predicting ChIP or gene deletion data as well as a recommended cutoff to use when scanning a sequence for potential regulatory sites ([Figure 1](#gkr1180-F1){ref-type="fig"}).

To illustrate the utility of the website, we found an example from the recent literature in which a group identified specific regulatory sequences but were unable to associate these sequences with specific TFs. In an examination of the YJL212C promoter, Srikanth *et al.* ([@gkr1180-B30]) identified a CRE with the sequence CGCCACA but were unable to determine the regulator that bound this site. Searching for this sequence in ScerTF reports MET31p as the top match and further reports that YJL212C was significantly bound in ChIP experiments and that deletion of MET31 significantly affects YJL212C expression. Although a motif was available for MET31 from a ChIP study published before Srikanth *et al.*'s investigation ([@gkr1180-B4]), there was no convenient way to search for a potential regulator using a single sequence.

USING ScerTF MATRICES TO PREDICT COMBINATORIAL REGULATION
=========================================================

A salient feature of eukaryotic gene regulation is that transcription initiation at a particular gene is controlled by multiple TFs ([@gkr1180-B31]). Early investigations of combinatorial gene regulation indicated that CREs that interact often cluster together in the genome ([@gkr1180-B32]). More recent studies have found that CREs which cluster together in one genome will still cluster together in related species even when the target genes differ between species ([@gkr1180-B33]). To capitalize on this observation, we used the matrices compiled in ScerTF to identify CREs that cluster in multiple related *Saccharomyces* species (manuscript in preparation). For each CRE combination we identified by this method, we predicted target genes of the combination in the *S. cerevisiae* genome. Target genes were identified by scanning promoter regions, defined as 600 bp upstream of each gene ([@gkr1180-B34]), for instances of the CRE combination. We used the optimal cutoffs calculated for each matrix and identified instances where regulatory elements co-occurred within a 25-nt window as evidence of a CRE combination. Genes with an occurrence of both regulatory elements within 25 bp of each other were predicted to be targets of the combination, while genes with a binding site for only one of the two regulatory elements were predicted to be targets of each CRE acting in isolation. We then analyzed gene expression data to determine if the CRE combination target genes were more coherently expressed than would be expected by chance. Three expression data sets were used to determine if predicted target genes of both CREs were co-expressed across multiple cell cycle time points ([@gkr1180-B35]), environmental conditions ([@gkr1180-B36]) or gene deletion conditions ([@gkr1180-B37]). For each data set, the Pearson\'s correlation coefficient (PCC) was calculated between gene expression profiles for all pairs of predicted target genes, which produced a distribution of PCC values describing the expression profile similarities of the target genes. This distribution of PCC values for predicted targets of the CRE combination was compared with the distribution of PCC values calculated for expression profiles of the targets in which each CRE was predicted to act in isolation. Differences between the distributions were assessed using the Mann--Whitney--Wilcoxon test. With this approach, we recovered many known combinations of cooperatively-acting TFs, including combinations involved in regulating the cell cycle ([@gkr1180-B38]) ([Figure 4](#gkr1180-F4){ref-type="fig"}). We also identified new CRE combinations for which the expression profiles of the target genes are significantly more coherent than the expression profiles of genes targeted by each CRE individually. This information is available for each TF in the ScerTF database; identified regulatory interactions are listed for each TF along with the co-expression evidence (described in [Figure 4](#gkr1180-F4){ref-type="fig"}). Figure 4.Expression profiles of FKH2xMCM1 target genes are more correlated than target genes of MCM1 and FKH2 acting alone. The yellow line depicts the distribution of correlation coefficients calculated between gene expression profiles for each pair of target genes predicted to be regulated by FKH2 and MCM1. The black and purple lines relate the distribution of correlations for target genes predicted to be regulated by either FKH2 or MCM1 alone.

DISCUSSION
==========

Accurate prediction of TF binding sites is crucial to understanding the regulatory logic of gene regulation. ScerTF catalogs over 1200 PWMs for 196 different TFs, making it the most comprehensive database of yeast TFs available. We evaluated these matrices using data from ChIP-chip and TF deletion experiments to identify the most accurate PWM for each TF. ScerTF provides an unbiased compilation of the most accurate PWMs along with an optimal cutoff to use for each PWM when searching for *cis*-regulatory sites.

Ultimately, the goal of this effort is to identify a matrix from the available literature that explains *in vivo* TF occupancy data and accurately reflects the binding specificity of a given TF. As such, the collection of recommended matrices provided in ScerTF has been optimized for predicting *in vivo* occupancy using currently available experimental data sets. Each data set has particular contingencies and potential biases, which means that when assayed by other technologies or in other environmental conditions, a different set of matrices may be preferred.

ScerTF\'s search capability makes the database useful for a wide range of problems, such as linking regulatory sites with TFs, identifying a TF based on a user-input matrix, finding the genes bound/regulated by a particular TF, and finding regulatory interactions between TFs. Since many TFs are thought to be conserved between distant organisms ([@gkr1180-B39]), the database possesses utility for researchers outside of yeast genetics as well.

SUPPLEMENTARY DATA
==================

[Supplementary Data](http://nar.oxfordjournals.org/cgi/content/full/gkr1180/DC1) are available at NAR Online: Supplementary Table S1.
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